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Abstract
Non-intrusive load monitoring (NILM) is a convenient method to determine the electrical energy consumption and 
operation of individual appliances based on analysis of composite load measured at the entry of a building. It avoids 
installation of parallel sensors for monitoring individual appliances and could be applied in the smart metering system 
to obtain useful information for load management. This paper presents an improved NILM method that is capable of 
recognizing Electric Vehicle Battery (EVB) charging as a load type. Based on the proposed framework, a special 
pattern recognition algorithm is used to perform load disaggregation. A random switching simulator is developed to 
examine the performance of the improved NILM under various scenarios. The results demonstrate that the EVB 
charging load is recognized as well as other traditional appliances. The overall success rate of the disaggregation 
reaches 94.5% at typical circumstance. Through sensitivity analysis it is also shown that the EVB charging load 
makes a small impact on the overall performance.
Keywords: Electric Vehicle Battery, Non-intrusive Load Monitoring, Pattern Recognition, Smart Metering.
1. Introduction
Knowledge of the load being used in a property can assist the owner, and the power utility supplying 
the home, with managing bills and with power quality monitoring. Non-intrusive load monitoring (NILM)
is capable of disaggregating composite load according to knowledge of electrical signatures of appliances. 
It does not require the measurement of energy at all sockets in use in an establishment but only at a single 
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point at the entry of a building. The first idea to develop a NILM system was introduced by George W. 
Hart in 1982 [1]. Hart presented an approach for NILM with three load models: ON/OFF, Finite State 
Load (FSL) and Continuously Variable Load (CVL). This method is also known as the steady-state 
approach, as it uses steady-state signatures of appliances for load disaggregation. In 1989, F.Sultanem
also began to work on a design of a load monitor for NILM [2]. Sultanem presented a similar study on 
NILM with a general classification of household appliances in terms of their particular function and 
structure. In 1995, a new approach for NILM was presented by Steven B. Leeb [3]. It uses transient 
signatures of appliances for load disaggregation, the so called transient approach.
The above research has provided the fundamental theory of NILM and introduced its innovative 
applications. However the forthcoming deployment of electric vehicles (EVs) within the general electrical 
load will challenge NILM systems as the previous methods are not suitable for recognizing the variable 
characteristics of the Electrical Vehicle Battery (EVB) charging load. As a CVL it does not have any 
steady-state and hence the steady-state approach is not applicable. Although the transient approach is 
capable of identifying some CVLs, such as induction motors and fluorescent lamps, it is not capable of
identifying EVB charging load because the transient pattern of the EVB is determined by the charger type 
and the state of charge (SOC). The work presented in this paper is to address this problem.
This paper first presents an investigation of household appliances with a load signature analysis. In 
terms of EVB, only the lithium-ion battery is investigated as it is, and probably will be the most popular 
EVB choice. The signatures of home appliances, from the point of view of load disaggregation, are 
presented and illustrated. The third section introduces a method for detection and recognition of EVB
charging load. A combined framework for load disaggregation is presented thereafter. It integrates the 
proposed approach, which is special for EVB, with the steady-state approach. The improved NILM is 
then validated and its performance is assessed by simulation. Finally the advantages and limitations of the 
new method are discussed along with the conclusions.
2. Load Analysis
2.1. Load Survey
A wide variety of electrical appliances are in operation today. It is infeasible and impractical to obtain a 
complete database for all of them. In previous research, a range of typical domestic appliances have been 
investigated [1]–[7]. In the current work this backdrop information on electrical characteristics of 
equipment has provided background knowledge against which EVB charging system characteristics are 
considered. Thus the survey here focuses on the new EVB charging load.
In a household, the total load generally refers to the power consumption of all appliances in operation. 
As appliances are simply wired in parallel on a power bus, the total load equals the sum of the power
consumption of individual appliances.
Common appliances are considered as Finite State Load (FSL) according to their possible working 
states and state transitions [1]. Two examples of household appliances, the electric kettle and refrigerator, 
are shown as FSLs in Fig. 1.
Each circle indicates one state, which is defined by an operating power level. The arrows indicate the 
possible state transitions, and are labelled with the power change which is observed to accompany the 
state transition.
Fig. 1(a) indicates the difference between switching a kettle on and off. Fig. 1(b) indicates the possible 
states whereby the refrigerator is alternating between normal running conditions and the alternative 
condition of defrost, where additional power is required.
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Fig. 1. Finite-state loads: a) generic 1200 W two-state appliance, kettle. b) multi-state appliance, refrigerator with defrost.
Electric vehicles employ rechargeable batteries, which are normally charged through the charger 
converting mains electrical power, AC, to the required DC. In the charging procedure, most of the power 
is consumed by the battery. The charger consumes little power itself but, due to the power electronic 
circuit responsible for the conversion process, produces frequency harmonics in the mains supply from 
which power is drawn; these harmonic components are detrimental to the health of the network. Constant 
current - constant voltage (CC-CV) is a traditional method for charging EVBs. Using this method the 
battery draws variable power during the charging process, thus EVB is considered as a continuously 
variable load. Profiles of EVB charging will be explored in the following subsection.
Olivier Tremblay et.al [8] developed a generic battery model, based on which the charging profiles of 
different types of EVBs are obtained. Fig. 2 shows the power change at various points in time during the
charging cycle of an EVB. It is a lithium-ion EVB being charged by CC-CV method at C/3, i.e. the 
battery would reach full capacity by charging at constant current for 3 hours. An infinite number of states 
and the transitions are left out in the Figure , all of which are indicated by dashed arrows. The charging 
process could be considered as a dynamic system, in which no steady states or state transitions exist, but 
one in which constant change occurs.
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Fig. 2. A lithium-ion EVB being charged by CC-CV method at C/3.
2.2. Appliance Signature
Appliance signature is defined as the measurement of an appliance that provides information about its 
nature and operation. It is necessary to establish an appliance signature database as the signatures provide 
good references / templates for load disaggregation and recognition.
Active and reactive power is a direct measurement of the nature of a load. Active power indicates the 
relative resistive component of the load and Reactive power is an indication of the capacitive or inductive 
quality of the load. The advantage of this signature is that the phase angle between current and voltage 
allows the positioning of an appliance’s power use in a two-dimensional power space (P-Q) and each 
appliance's signature could be located in the plane as an operational point.
The active and reactive power with regard to harmonic components are given by the following 
equations:
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where V and I are the magnitude of voltage and current respectively, Φ is the phase angle between 
voltage and current for a particular harmonic frequency, and k is the harmonic order. According to the 
data given in [7], a diagram of 12 typical appliances may be shown as Fig. 3. Most appliances could be 
easily identified, whereas for those with low power consumption (i.e. TV, computer and game console) 
their features tend to cluster around the origin and hence, would be difficult to identify based on P-Q
points.
Fig. 3. PQ diagram of 12 typical household appliances.
If the power use of an appliance is observed for a period of time, such as the whole operating period, 
the envelope of the power waveform, known as the power profile, becomes a significant feature. It
reflects the change of consuming behaviour of the appliances. An EVB, charging by the CC-CV method 
for example, initially consumes high levels of power before it starts decreasing in a controlled manner, as 
the SOC of the batteries increase. The power profile is therefore a useful signature for recognition of EVB 
charging load.
According to the generic battery model [8], four possible cases of charging profiles of a lithium-ion 
EVB are obtained as shown in Fig. 4. Note that the nominal voltage is assumed to be 312 V, the full 
capacity is 60 ampere hours (Ahs), and the charging rate is C/6 (the battery would reach full capacity by 
charging at constant current 10 A for 6 hours).
Fig.  4. Four possible cases of power profiles of EVB charging: a) empty to full, b) empty to part full, c) part full to full, d) part 
full to another higher capacity.
It is found that the other three profiles in Fig. 4 (b)(c)(d) are segments of the full charging profile in Fig. 
4 (a). The full charging profile is therefore the signature of an EVB.
3. Load Disaggregation Procedure
Based on the load analysis in the second section, a load disaggregation procedure is designed as shown 
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in Fig. 5.
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Fig. 5. The procedure of load disaggregation.
Measurement is the first task in order to probe the voltage and current on the total load in real time.
The analog signals are fed into a data acquisition device and converted to digital signals. A further series 
of data processing steps is carried out after that. First, restore the voltage and current data to true values 
according to the scales of VT and CT used in the measurement. Then calculate the active power and 
reactive power every second. Finally the data is normalized for the standardisation purpose.
An event is defined as one state transition of an appliance. It is detected by the step change in the 
power signal. For each event, the variation of active and reactive power is extracted as a pattern. 
According to the patterns, the normal appliances are disaggregated from the total load through a steady-
state pattern matching process. These loads are then removed from the total load and the remaining EVB 
charging load is recognized by dynamic-state pattern recognition.
4. Pattern Recognition Algorithm
As discussed before, the load disaggregation involves a pattern recognition problem. For normal 
appliances, Hart’s method of steady-state pattern matching [1] is used. A new method is developed for
identification of EVB charging load, as shown in Fig. 6. The recognition procedure begins by calculating 
the cross-correlation of the template and the unknown pattern (power profile), given by (2) below:
[ ]( ) 1 [ ] [ ]
L
ky x y k x kτ τ== × +∑★                    (2)
where y is the known pattern (template) of an appliance from the signature database, and x is the unknown 
pattern from the measurement. L is the total number of points of the signature (e.g. 36000 points for the 
full power profile at 1 Hz sampling rate) and τ is the shift. The cross-correlation is then normalized by
using (3) as follows:
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In “Pattern Search”, some particular shift points r may be found, at which the value of the normalized 
cross-correlation approximates one. An interval (e.g. from 0.999 to 1.001) is defined to evaluate whether 
this approximation is acceptable. Mathematically, it can be formulated as (4):
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Fig. 6. Flow chart of the dynamic-state pattern recognition.
In “Pattern Search”, some particular shift points r may be found, at which the value of the normalized 
cross-correlation approximates one. An interval (e.g. from 0.999 to 1.001) is defined to evaluate whether 
this approximation is acceptable. Mathematically, it can be formulated as (4):
It should be noted that three cases may occur in the pattern search process.
• Case 1: if there is no shift point found in one search, the template is then regarded as not matched 
with the unknown one.
• Case 2: if only one point is found, we consider that the template is matched with the unknown pattern
and the point is so called a match point (MP).
• Case 3: as the unknown pattern is usually a segment of the template, more than one acceptable MP
may be found according to (4).
Multiple MPs means that the unknown pattern is matched with different segments of the template,
however only one of them is correct. In the third case, an additional pattern matching is therefore carried 
out to determine which point is the true MP. Mathematically the objective function of the pattern 
matching is written as (5):
1 '[ ] [ ]g 1
'
L
k y k x r k
y
= × += −∑                 (5)
where y' is the tailored template which has the same length as unknown pattern x. If the minimum value 
of the objective function is less than a threshold, a decision is made that the unknown pattern belongs to 
the lithium-ion EVB. The threshold is found by simulations. Here an interval value of 0.001 is chosen 
because it gives correct decisions in most of the simulations at the typical condition.
5. Verification
The load disaggregation method and pattern recognition algorithm are verified using data generated 
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from a numerical simulation. The performance is assessed under different levels of noise interference.
As shown in Fig. 7, a program that consists of three modules is developed for the simulation. First an
event generator randomly produces the switching (on / off) of all appliances to simulate their actual 
operating schedules. The power signatures of appliances are summed up according to the generated event 
sequence to produce the corresponding power signal of the composite load. Gaussian white noise (GWN) 
is then added onto the ideal power signal and the load disaggregation is applied to determine the ability of 
the system to distinguish different appliances under different noise conditions. Subsequently, the results 
are recorded and displayed.
Event Generation
Appliances Signatures
Composite Load Generation
Load DisaggregationResult Display
Fig. 7. Workflow of the simulation program
5.1. Simulation Settings
• The minimum simulation period is 24 hours. Longer simulation periods must be multiple times of 
the minimum one.
• The simulated composite load is made up entirely of known appliances that are investigated in [7], 
and the EVB studied in [8].
• Only one appliance will be switched at a time (i.e. only one appliance is switched in a two second
period).
• Event detection uses P > 50 W as a threshold to identify a significant switching event (i.e. only 
appliances whose power consumption is larger than 50 W will be recognized).
• For FSL, such as refrigerator, hair dryer and cooker, only one working state is taken into account 
so as to simplify the simulation.
• For EVB, the duration of one charging session is more than half an hour.
5.2. Simulation Results
A general accuracy measure is used to estimate the performance of the load disaggregation algorithm. 
It is defined as the number of accurately recognized events over the number of all generated events. In the
typical case, where the signal-to-noise ratio (SNR) is 25 dB, the accuracy of load disaggregation is an 
average of 94.5% for 30 days (100 random events per day). Fig. 8 shows (a) the simulated aggregate load 
for a 24 hour period in a typical case with total of 13 appliances and (b) the results of load disaggregation. 
The unusual power profile displayed on both Fig. 8 (a) and (b) between 01:00 and 08:00 is due to the 
EVB charging load. The power profile of the EVB recognized is just a segment of the full charging 
profile.
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Fig. 8. (a) The simulated power consumption for 24 hours and (b) the disaggregated individual appliances.
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5.3. Impact of EVB
In practice the EVB is usually charged from a low capacity to nearly full, thus it will show only a 
segment of the full charging profile. The power profile which is created would result in detection errors of 
switching events in standard FSL systems, as the power rises when starting to charge EVB or the power 
drops when stopping the charging process may be very close to those of other appliances. To consider the 
effect of the presence or absence of EVB charging, a series of simulations were conducted to find out how 
different the performance would be. The impact of different levels of electrical noise on the ability of the 
algorithm was also investigated in this comparison. Fig. 9 shows the detection accuracy of the pattern 
recognition algorithm when EVB is present (black columns) and not present (grey columns) in the 
composite load.
Fig. 9. Performance of the load disaggregation of composite load containing and not containing EVB under different noise levels.
It is seen that the EVB charging load causes small degradation of the performance of the 
disaggregation method, especially when the SNR is around 10 dB. For the majority of cases, however, the 
introduction of EVB charging does not have a significant impact on the overall performance. In the 
typical condition the average accuracy reaches 94.5% and 96.3% if the EVB charging load is not 
contained in the composite load.
6. Discussions and Conclusions
The proposed dynamic-state pattern recognition algorithm is effective for recognizing EVB charging 
load. It is capable of identifying EVB charging load with different durations of charging from diverse 
battery states of charge. Based on the previous steady-state pattern matching algorithm, a combined load 
disaggregation method is developed. It presents good performance that the overall accuracy reaches 80% 
at 21 dB SNR and 94.5% at 25 dB SNR. However due to the large number of points of the pattern of 
EVB charging load, the computation is complex and hence the time for load disaggregation calculations 
is, at present, considered to be too long.
7. Future Work
The good performance on load disaggregation will be further developed to determine whether the large 
number of points of the EVB charging load pattern can be reduced. The computation is complex, due to 
the large data set involved, thus the optimum number of points will be further investigated and evaluated. 
Additionally, experiments will be conducted to obtain the power profile of EVB charging load under a 
range of conditions, rather than relying on simulated data for estimating the proposed algorithm.
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